The encroachment of urban areas on natural habitats has many detrimental impacts, such as habitat loss, fragmentation (Alberts et al, 1993; Bolger et al, 1997; Brown et al, 2000; Soule¨et al, 1988; Swenson and Franklin, 2000; van Dyck and Matthysen, 1999) , edge habitat creation (Moran, 1984) , invasive species influx (Crooks and Soule¨, 1999; Drayton and Primack, 1996; Guilden et al, 1990; Kowarik, 1990; Rapoport, 1993; Wetterer, 1997; Zipperer et al, 1997) , and increased pollution (Charbonneau and Kondolf, 1993) . However, many species persist in urbanizing landscapes, sometimes utilizing new habitats and even expanding their ranges (Gompper, 2002; Sol et al, 1997) . This means that the impacts of urbanization are not uniformly negative. In this paper I focus on the consequences of urbanization for ecological or environmental processes related to movement, and therefore connectivity (table 1). The increasingly common wildland^urban interface (Platt, 2001) contributes to the positive and negative effects of urbanization on ecological and environmental processes linked to habitat connectivity. This suggests a need to couple the understanding of urbanization with an assessment of the potential for organism movement and process spread. One approach is to examine the spatial structure of urbanization through morphology and its impact on ecological connectivity, which is directly linked to species persistence through movement and dispersal and to the spread of other spatial processes such as fire. Movement is critical to organism persistence (Hanski, 1994) because it includes foraging, mate location, territory defense, dispersal, and migration and is a product of the intrinsic qualities of organisms and their interaction with landscape features (Bierwagen, 2003) . The product of this interaction can be analyzed by means of connectivity metrics. The most widely used metrics examine the spatial distribution of habitat and provide estimates of how Table 1 . Ecological and environmental processes affected by urbanization through changes in connectivity.
Type of impact Mechanism Reference
Negative effects of urbanization Spread of invasive species Increased connectivity between urban and natural landscapes increases movement potential Aragon and Morales (2003) , Boet et al (1999) , Lim et al (2003) , Woo and Zedler (2002) 
Spread of pest species
Increased connectivity between human-dominated and natural landscapes increases movement potential Nowak and McBride (1992) Spread of disease through population Fragmentation and decreased connectivity foster outbreaks in local populations Hess (1994) , Lafferty and Gerber (2002) Russell and McBride (2003) Increased extinction risk Fragmentation decreases immigration and emigration from populations (metapopulation structure) Fahrig and Jonsen (1998) , Hanski (1994) , Hardy and Dennis (1999) Positive effects of urbanization Increased habitat, and range expansion
Expanding urban areas and margins increase connectivity and habitat amount for generalists or urban adaptive species Gompper (2002) , Schumaker et al (2004) , Sol et al (1997) successfully organisms with particular characteristics can move between habitat patches and across the landscape (Fahrig and Merriam, 1985; King and With, 2002) . Relevant organism characteristics can include dispersal distance, dispersal rate, and movement behaviour (Moilanen and Nieminen, 2002; Vos et al, 2001) . Urbanizaton can also disrupt the spread of physical processes such as fire across landscapes (Duncan and Schmalzer, 2004) . Connectivity metrics can provide a proxy for the assessment of impacts of urbanization patterns on organism movement and other ecological processes, as evident from the examples in table 1.
Urban morphology
The footprint of urban areas has changed over time. Up to World War 2 cities were generally monocentric, with a central business district, surrounding housing, and transportation networks connecting cities (Makse et al, 1995; Wu, 1998) . After World War 2, patterns became more dispersed and decentralized (Aguilar, 1999; Garreau, 1991; Makse et al, 1995; Yeh and Li, 2001) . Researchers have periodically attempted to categorize these general forms (Medda et al, 1998; Mesev et al, 1995) ; Snellen et al (2002) qualitatively defined urban areas as concentric, lobed, linear or concentric polycentric, linear, or grid shaped (figure 1, over). Several studies relate urban form to broader measures of environmental performance such as pollution, energy consumption, biodiversity, and human well-being (Alberti, 1999; Calthorpe, 1993 ) but generally do not relate landscape-level patterns to ecological processes at that scale. Quantitative approaches have been taken to attempt to differentiate urban areas from natural vegetation patterns and from one another by using various pattern analysis metrics commonly applied in landscape ecology research (Jenerette and Wu, 2001; Shen, 2002) . Shen (2002) examined the fractal dimension of twenty US cities by using a box-counting algorithm. Research had shown that urban areas have fractal properties, but the results had not been applied to relationships to other urban data. Shen (2002) showed that there is a strong correlation to overall urban areas. However, the measure of overall fractal dimension of an urban area did not distinguish different types of urban forms and is a more difficult metric to relate directly to ecological processes. Another method of defining urban form is the space syntax approach, which uses connectivity graph patterns to derive human behavior (Hillier, 2002; Jiang et al, 2000) . This approach uses free space, such as roads, as the basis for connectivity graphs, whereas previously mentioned methods use the built environment, especially through remote sensing, to derive urban forms. These, and other quantitative approaches have provided more detailed descriptions of differences between urban areas, but results have not been linked to impacts on specific ecological and environmental processes. In this paper I address this gap by comparing the utility of qualitative categories and quantitative metrics for describing aspects of urban morphology at a landscape scale relevant to the movement of organisms and the spread of environmental processes such as fire. An understanding of the effect of urban form on ecological and environmental processes is integral to the development of sustainable urban areas that contribute to biodiversity conservation, one of the goals of urban sustainability (Botequilha Leita¬ o and Ahern, 2002) .
4 Selection of urban areas I selected a sample of sixty-six urban areas of different sizes and morphologies within 50 km Â 50 km (2500 km 2 ) landscapes from across the USA from the National Land Cover Database (NLCD; Vogelmann et al, 2001 ). Using ArcView GIS (ESRI, 1999) I reclassified all NLCD developed landcover classes, including residential, commercial, industrial, and transportation, into a single urban class, to depict the overall form of developed areas. I resampled the grids from 30 m to 100 m cell sizes by means of ArcGIS (ESRI, 2002) . This resulted in landscapes with two landcover classes: urban and habitat. The habitat class includes natural landcover as well as parks or other open space. I selected urban areas that were not dominated in form by natural features such as large lakes, oceans, or mountains, which heavily constrain the development pattern (but see Shen, 2002) . River features were largely unavoidable but tended not to dominate the overall shape. I selected urban areas in different parts of the USA based on differences in road network patterns, as these can also influence the overall urban form (Snellen et al, 2002) . For example, in the Midwest, roads generally follow a grid pattern, whereas in the Northeast roads are denser and more complex. Cities varied in spatial extent, from 42X06 km 2 (Helena, MT) to 1736X47 km 2 (Los Angeles, CA), and in human population size, from 23 564 (San Fernando, CA) to 3694 820 (Los Angeles; see table 2, over). Population statistics are for the cities on which the landscape selection was centered and generally underestimate the total population size within the developed areas of the 2500 km 2 landscapes. However, state population was also used, which may be more appropriate for the regional landscapes used in this study.
5 Landscape analysis I qualitatively classified the sixty-six urban areas into the forms shown in figure 1, using slightly modified categories from those in Snellen et al (2002; table 1) . I defined sprawl as an urban area that exceeds the extent of the landscape size used and therefore has no discernable form. I combined linear with concentric cities and combined both polycentric categories because of the small sample sizes and visual similarity. Although I did this classification before the quantitative analysis, I also asked six other scientists not involved with this research to apply the categories to the sixty-six urban areas to reduce classification bias. I then selected the urban areas that were all categorized in the same way or that differed by only one. In the analysis, I used both the classification for all sixty-six urban areas and the consensus classification.
Each urban landscape was analyzed with a suite of landscape metrics selected on their potential usefulness in distinguishing different types of urban forms and patterns (Goldstein et al, 2004; Jenerette and Wu, 2001; Luck and Wu, 2002) , their predictable response in landscapes, and the nonredundancy of the metrics (Neel et al, 2004) . I used Fragstats software (McGarigal and Marks, 1995) to calculate all metrics for the urban areas. I measured urban area (CA) in hectares; the number of urban patches (NP), as defined by an eight-cell neighborhood by cover class; perimeter-area fractal dimension (PAFRAC) for shape complexity, with values between 1 and 2, where simple shapes approach 1, and more complex and plane-filling perimeters approach 2, calculated by regressing the logarithm of patch area against the logarithm of patch perimeter and dividing 2 by the resulting slope; class aggregation (CLUMPY), which calculates the proportional deviation of the cell adjacencies with the same cover class from a random spatial distribution, where À1 is maximally disaggregated, 0 is random, and approximately 1 when the cover class is maximally aggregated; and the area-weighted mean radius of gyration (GYRATE.AM) for urban patch extent, also defined by an eight-cell neighbor rule, to measure the distance between each cell in the patch and the center of the patch. Area-weighted means generally correlate better with dispersal success (Schumaker, 1996) . I used the Fragstats CONNECT function, [see equation (1) below], to calculate the ecological connectivity of the habitat remaining in these urban landscapes. This resulted in an estimate of the potential for successful interpatch movement given a dispersal of 500 m. I chose this distance based on the mean dispersal distances for several butterfly species, other specialist organisms, and firebrand spread (Bierwagen, 2003) . CONNECT is defined as:
where c i j k is the`joining' between patch j and k, with 0 corresponding to unjoined and 1 to joined, of the corresponding patch type, i, based on a defined dispersal distance in meters, and n i is the number of patches in the landscape of the corresponding patch type (McGarigal et al, 2002) . In the case of habitat, i h, and therefore C h provides an estimate of the fraction of habitat patches that can be reached in one movement step. It can be interpreted as the fraction of patches available to a dispersing organism or the fraction of patches susceptible to a spreading pest or fire in the landscape. I also calculated the connectivity of urban patches, C u , where i u, in each landscape.
6 Analysis of connectivity response to urban form I used a suite of simple and multivariate statistics to examine the relationship between ecological connectivity and the qualitative urban form categories and the quantitative landscape metrics. The goal was to find the elements of urban morphology that best predict ecological connectivity. I analyzed the consensus city categories by using ANOVA to predict ecological connectivity to see if similar visual forms have similar connectivity. Then I used the qualitative urban form classifications as a priori categories for a multiresponse permutation procedure (MRPP; McCune and Mefford, 1999) . The MRPP calculates an average distance between the assigned groups, in this case the qualitative form categories, and their response, the quantitative metrics measured to differentiate urban areas. If the response variables cluster by the specified groups, then the average intragroup distance will be small compared with the average distances from other possible combinations. I also examined the qualitative categories in a cluster analysis by using relative Euclidean distance as the distance measure and the farthest neighbor as the group linkage (McCune and Mefford, 1999) . The cluster analysis gives a visual representation of which cities are more similar to one another, based on the quantitative data. If the quantitative information gives the same result as the qualitative categories, the clusters and categories would correspond to one another. The measure of clustering is based on quantitative metrics. The quantitative landscape metrics allowed an assessment of which aspects of urban morphology could be used to distinguish the urban areas from one another. This was done by collapsing the six urban form metrics by means of a principal components analysis (PCA) in a correlation matrix. This provided a synthetic measure of urban morphology that could be correlated with ecological connectivity. I used the principal component scores as predictors of ecological connectivity (C h ) in linear regression models.
Results
Many urban areas were classified as concentric forms (twenty-eight overall, including eleven consensus cities; see table 2). The MRPP shows that the qualitative classifications are more distinct from one another than expected by chance, for all sixty-six urban areas ( p`0X001) and for the consensus cities ( p`0X001). However, intragroup heterogeneity (A 0X16) approaches the amount expected by chance (A 0) for all sixty-six urban areas, suggesting that the qualitative classification does not capture the full variation in C h . The consensus cities have less intragroup heterogeneity (A 0X42), but the qualitative categories still do not encompass all of the variation. Further investigation with the use of cluster analysis showed that the a priori groups do not cluster together, either for sixty-five urban areas (figure 2) or for the thirty consensus cities. Both analyses produced five groups that cluster predominantly by urban area size (table 2) .
PCA shows that a combination of CA, GYRATE. AM, and NP organize the cities along the first axis and explain 40.8% of the variance between urban areas [ figure 3(b) , over]. The second component axis explains a further 25.9% of the variance. This component is composed of approximately half CLUMPY (positive) and half PAFRAC (negative). Axis three explains another 19.4%, with PAFRAC and C u (connectivity of urban patches) as the main components. The axis scores show that total urban size, urban patch extent, and number of patches are the strongest measures that differentiate these cities from one another [figures 3(a) and 3(c)]. Other quantitative measures of urban form are less important in distinguishing one city from another. In a linear regression, the first two principal component scores predict 50% of the variation in C h between urban areas (R 2 0X50; P`0X001; F 2 63 31X94. This result shows that some aspects of urban form measured quantitatively can predict a significant proportion of the remaining ecological connectivity across urban areas.
Qualitative versus quantitative description of urban forms
Although the analysis of the qualitative categories shows that there is some similarity between urban areas classified visually into these four categories, they do not inform us about ecological or environmental connectivity. These categories are not useful in , predicting the ease or difficulty of organism movement or the risks of the spread of catastrophic processes such as fires through urbanizing landscapes. Therefore, simple form categories are less useful for planning sustainable development than are easily calculated quantitative measures. Quantitative, multivariate, descriptions of urban areas correlate more closely with ecologically relevant connectivity metrics. These factors should be considered in urban and regional planning to increase compatibility with ecological processes and sustainable development goals.
PCA results suggest that it is possible for urban areas that appear visually distinct to have similar ecological connectivity scores. For the cities considered in this study, urban area, extent, and the number of urban patches are the most important factors in determining ecological connectivity. These characteristics of urban areas may also relate to other ecological impacts such as declines in edge-sensitive species (Bender et al, 1998) , declines in species requiring specific disturbance regimes (for example, fires, floods; see Brawn et al, 2001) , or increases in invasive species (Aragon and Morales, 2003; Boet et al, 1999; Lim et al, 2003; Woo and Zedler, 2002) .
Other urban descriptors and ecological connectivity
Although the quantitative descriptions of urban morphology shows a correlation with ecological connectivity, this relationship is not necessarily more useful than if one were to calculate ecological connectivity directly, as the urban metrics are derived by using the same landscape analysis program. The qualitative form categories would hypothetically provide a simple way to estimate ecological connectivity. However, the forms and urban areas looked at in this study showed little relationship with C h . As urban area size is the dominant predictor of C h , another approach would be to use readily available urban statistics, such as area and population size, to estimate C h . I used the natural logarithm of urban area (CA in section 5) and data from the US Census Bureau (from the 2000 Census, http://www.factfinder.census.gov) for city population (natural logarithm), population density, state population (natural logarithm), and state population density for each location listed in table 2 in a stepwise linear regression to predict ecological connectivity. The stepwise regression eliminates insignificant variables sequentially to find the best-fit model. The best-fit model incorporates urban area and state population size (R 2 0X78; P 0; F 2 63 108X9). This has a better fit than the model that incorporates synthetic measures of urban form (that is, principal components). Given urban extent (A) and state population (P), the urban connectivity index can be calculated with use of equation (2) below, where C H h is the predicted ecological connectivity in an urbanizing landscape:
C H h is listed in table 2 for each city analyzed, descending from those with the highest index to those with the lowest index. The scores represent the predicted percentage of habitat available to an organism in one dispersal step of 500 m (a reasonable distance for many mobile species and some firebrands from a wildfire; see Hargrove et al, 2000) . Connectivity values will differ depending on the dispersal distance used but the resulting changes will follow a predictable relationship (Bierwagen, 2003) . The ordering of the cities also shows that the qualitative form categories are well distributed across the rankings and that the form categories provide little additional information (table 2) .
These results suggest that readily available, aspatial, data can be used to prioritize urban areas so that comprehensive and urban planning can have the most impact on restoration or conservation of biodiversity elements and on the risk management of other natural processes such as fires. In this case the relationship is relatively simple: ecological connectivity decreases with increasing urban area and overall state population size. Overall, the measured urban area corresponds fairly well with the rank of C H h , as do the cluster categories. This suggests that higher population densities in smaller urban patches would yield high ecological connectivity.
Conclusions
Although urban area in this study is derived from remotely sensed images, the city population sizes do not correspond to those areas. As mentioned previously, city population reflects only the statistics for the city on which the landscape is centered. Adding the populations of other areas in the landscape could increase the accuracy of this variable and would probably give better results than those obtained from the state-population variable. The habitat landscapes also consider only the simplest caseöurban areas existing in a homogenous habitat matrix. Although these scenarios might apply broadly to forest or grassland ecosystems, most real landscapes are composed of several habitat types and other land uses, such as agriculture. It is expected that similar aspects of urban form still matter in more complex landscapes but that the relationship with ecological connectivity will also depend on initial landscape configurations (Bierwagen, 2003) . These relationships should be tested further in real landscapes and with better human population statistics. The simple predictive relationship proposed here from use of these urban statistics should also be tested with other connectivity measures, such as patch cohesion (Schumaker, 1996) , incidence-functionbased models ( buffer-based models (Bierwagen, 2003; Moilanen and Nieminen, 2002) , or graph-theory approaches (Bunn et al, 2000; Urban and Keitt, 2001 ). Nevertheless, these results indicate that restoration and conservation activities will be inherently easier in certain urban areas and that some of these same areas may also be more vulnerable to pests, invasive species, diseases, and the spread of catastrophic processes such as fires. Clearly, urban area configuration in terms of overall area, patch extent, and number of patches matters for sustainable development that takes into account ecological connectivity.
